Particulate matter pollution is one of the deadliest types of air pollution worldwide due to its significant impacts on the global environment and human health. Particulate Matter (PM2.5) is one of the important particulate pollutants to measure the Air Quality Index (AQI). The conventional instruments used by the air quality monitoring stations to monitor PM2.5 are costly, bulkier, time-consuming, and power-hungry. Furthermore, due to limited data availability and non-scalability, these stations cannot provide high spatial and temporal resolution in real-time.
Outdoor Monitoring

Direct Methods
Analyzer [10] Aethalometer [12] Sampler [13] [14] [15] WSN [16] [17] [18] [19] Indirect Methods
Prediction model based on past data of predictand, meteorological parameters and other pollutants Prediction model based on correlated meteorological parameters and pollutants [46] [47] [48] Proposed Method (Prediction model based on correlated pollutants, as analytical equations) The overall AQI [5] is calculated from a minimum three pollutants out of which one should be the Particulate Matter (PM2.5) which can potentially cause serious health problems.
PM2.5 poses a major concern for human health as due to its small size (< 2.5µm) they can directly enter into the lungs [6] . PM2.5 comes either from primary sources or from secondary sources. The primary sources can be vehicles, power plants, wood burning, industrial processes, forest or grass fires, and agricultural burning processes. The secondary sources are precursor emissions such as Sulfur dioxide (SO 2 ), Oxides, Volatile Organic Compounds (VOCs), and Ammonia (NH 3 ) [6, 7] . Though different methods and instruments for monitoring PM2.5 exist [8] , only a few are used for real-time measurement and monitoring. These instruments for PM2.5 often lack portability and exhibit a slower response time [9] . Furthermore, the standard procedure to collect samples through samplers and analyzing them offline in specialized laboratories is challenging for real-time monitoring and corrective actions [10, 11] . This is because analyzed data is a delayed response of the current data. Hence real-time monitoring of PM2.5 can be useful. In this work, we propose a method to address the issue of the delayed response of data. We propose the PM2.5 prediction model based on analytical equations, which can be ported to a standard Wireless Sensor Node (WSN). We envisage that such a method not only provides benefits for real-time monitoring but also enables an existing WSN to extend its capabilities from monitoring to analyzing.
Related Work
The classification of both direct and indirect measurements for outdoor environmental monitoring is shown in Fig.  1 . In direct methods, dedicated instruments such as analyzers [10] , aethalometer [12] , samplers [13] [14] [15] , and in certain cases Wireless Sensor Nodes (WSNs) [16] [17] [18] [19] are used. Aethalometer and analyzers provide the pollutants' values directly but lack portability and are often expensive. In air pollution monitoring using samplers, offline analysis is done in specialized laboratories. Whereas in wireless sensor nodes, the measurement of pollutants is done using on-board gas sensors and is often a cost-effective solution compared to other monitoring methods [20] . An example of such a system deployed in a New York subway is discussed in [12] .
The indirect measurements [21] [22] [23] [24] [25] [26] [27] [28] [29] [30] [31] [32] [33] [34] [35] [36] [37] [39] [40] [41] [42] [43] [44] [45] used prediction approach based on the past data of the predictand, pollutants and/or meteorological parameters. These pollutants and meteorological parameters are correlated with the predictand [38, [46] [47] [48] . The PM2.5 (predictand) can be forecasted based on the data of pollutants and meteorological parameters which are correlated with PM2.5. The performance comparison of different prediction techniques of greenhouse gas is discussed in [49] . In [21] , a comparison of different topologies of a neural network is presented for a prediction model of PM2.5. A neural network-based prediction model for PM10 using previous days data for PM10, cloud cover, boundary layer height, wind direction and day of the week is discussed in [22] . For the prediction of PM2.5 and O 3 , the empirical non-linear regression model was designed [23] using meteorological parameters and past PM2.5 data. In [24] feed-forward neural network is used for prediction of PM2.5 based on past values of PM10, PM2.5 and some observed and forecasted meteorological parameters. In [25, 26] , prediction based on ANN using past data of O 3 is discussed. A Multilayer Perceptron (MLP) neural network-based prediction model [27] for NO and NO 2 pollutants is developed using past data of pollutants. In [28] prediction model show MLP neural network has better performance than Multiple Linear Regression (MLR) model. Results in [29] demonstrates the better performance of ANN compared to MLR for prediction of PM2.5 in the agricultural park. Comparison results of MLR and ANN in [30] , for prediction of PM2.5 represents the better performance of ANN. Feed Forward Neural Network (FFNN) with Rolling Mechanism (RM) and Accumulated Generating Operation (AGO) of Gray model (RM-GM-FFNN) was developed [31] for prediction of PM2.5 and PM10 using past data of PM2.5 and PM10 in addition to meteorological data. Prediction of PM2.5 based on the Back Propagation (BP) neural network was explored [32] using satellite-based Aerosol Optical Depth (AOD), meteorological data and past PM2.5 data. The optimized version of the BP network using a genetic algorithm is proposed in [33] .
Few researchers have also explored the hybrid model approach for prediction. A hybrid approach based on the autoregressive and nonlinear model for prediction of NO 2 is proposed in [34] . A hybrid approach based on Autoregressive Integrated Moving Average Model (ARIMA) and ANN is discussed in [35] . The Comprehensive Forecasting Model (CFM) was developed based on ARIMA, ANN and Exponential Smoothing Method (ESM) [36] . Another cluster-based hybrid approach using Neural Network Autoregression (NNAR) and the ARIMA model is discussed in [37] for prediction of PM2.5 using past data of PM2.5. A hybrid-generalized autoregressive conditional heteroskedasticity based prediction approach proposed in [38] for prediction of PM2.5. In [39] hybrid model was built for PM2.5 by applying the trajectory-based geographic model and wavelet transformation into the MLP type of neural network. In which meteorological forecasts and pollutants were used as predictors. Comparison of a hybrid model consisting of an Ensemble Empirical Mode Decomposition and General Regression Neural Network (EEMD-GRNN), Adaptive Neuro-Fuzzy Inference System (ANFIS), Principal Component Regression (PCR), and MLR is discussed in [40] with best results obtained for EEMD-GRNN model. In [41] multi-task learning framework is used for the prediction of air pollutants which reduces model parameters with improved performance. Convolutional generalization model implemented [42] for prediction of PM2.5 using meteorological data shows MSE of 15.0 µg/m 3 . A deep learning-based prediction approach is also implemented for prediction using current and/or previous air pollutants and meteorological data [43] [44] [45] .
The research work in [46] focused on Cuckoo Search-Least Squares Support Vector Machine (CS-LSSVM) based prediction approach for PM2.5 using correlation and principal component analysis. Previous data of PM2.5 was used as one of the predictors in addition to correlated parameters. The correlation analysis of PM2.5 to other meteorological parameters and pollutants using multivariate statistical analysis method and ANN was implemented in [47] and prediction results show RMSE of 24.06 µg/m 3 for ANN-based model. Performance comparison of machine learning approaches such as Random Forests (RF), Support Vector Machines (SVMs) and ANN is presented in [48] . Furthermore, a calibration model is developed using ANN for black carbon in which meteorological parameter and other correlated pollutants are used as predictors. The lower RMSE and R 2 closeness to 1, also showed the effectiveness of the ANN.
However, the previously developed prediction model based on past data of predictand does not eliminate the need for dedicated instruments and in almost all cases the proprietary tools are used to measure the predictand. This presents an opportunity for developing a prediction model in the form of analytical equations based on the correlation. The ANN is adopted in our work, due to its superior performance discussed in [25] [26] [27] [28] [29] [30] 48] . Primary results related to the comparison of SVM and ANN are discussed in the results section and demonstrate the effectiveness of our proposed method.
The contribution of the work is as follows:
1. The study related to correlation of the pollutants with PM2.5 and additionally the correlation among the pollutants is performed for deciding the predictors. 2. Analytical equations are proposed for prediction of PM2.5 using ANN. 3. Recalibration of the derived prediction model in terms of coefficients and number of predictors is done to evaluate its performance. The proposed prediction model to obtain PM2.5 is based on supervised machine learning. It consists of interconnected computing elements known as neurons with inputs and outputs. As shown in Fig. 2 , the model of a neuron has P inputs each with weight W . The sum (S) of weighted inputs and bias (b) is fed to the transfer function block (f ). The output of each neuron is obtained by subsequently applying the transfer function to the sum of weighted inputs and bias.
The proposed PM2.5 prediction model using the ANN is derived using the following steps.
I Collection of large input data (observations) set for different pollutants. II Preprocessing of the input data set to remove outliers. III Finding correlation of PM2.5 with other pollutants using preprocessed input data set. IV Based on the correlation results selection of input pollutants (predictors) for developing the prediction model of PM2.5. V Selection of ANN topology for developing the prediction model. VI Division of predictors data set into two sets, SET1: 90% of data set or developing model (training, validation, and testing), SET2: 10% of data set as unseen data set for further testing. VII Developing 100 different ANNs with randomly initialized weights and biases using SET1. VIII Testing of 100 different ANNs using SET2.
IX Based on performance indices selection of best ANN for the prediction model. X Deriving analytical equation for prediction using selected ANN. XI Prediction of PM2.5 using derived analytical prediction equation.
Observed Data and Correlation
To select the inputs for the PM2.5 prediction model, it is necessary to obtain the correlation between PM2.5 and pollutants besides the correlation among the pollutants. In the proposed study, Step I is the data collection phase: In this phase, 13 different parameters (pollutants and meteorological parameters) were collected from a CPCB online station, India (N 23 • 0' 16.6287, E 72 • 35' 48.7816). The data is collected for 41 months, where, the samples of data are taken every hour. Thirteen different parameters monitored from this online station includes pollutants; CO, NO, NO 2 , SO 2 , O 3 , VOC (Benzene, Toluene, Ethyl Benzene, M+P Xylene, O-Xylene), PM2.5 and meteorological parameters; temperature and humidity. Dataset obtained from CPCB online station for all 13 parameters was containing a total of 29,928 observations. Due to maintenance, all the parameters data were not available simultaneously for 29,928 observations. After removing maintenance data for each of the parameters, 18,880 observations data set was available simultaneously for all 13 parameters. These 18,880 observations data set was smoothed out to remove the outliers [ Step II] and is treated as the golden standard data. The smoothing of the data is done by a moving average filter, which was implemented in MATLAB. The optimum window size for smoothing was found to be 500, resulting in reasonably smoothed data. After smoothing, the first 500 results were removed, as the window size was 500. So, smoothed data of size 18,380 was used for developing the prediction model. Fig. 3 to Fig. 6 shows the original and smoothed data for all 13 parameters.
Correlation between any two parameters x and y is expressed by the correlation coefficient R as per Eq. (1).
where n is the total number of samples. R takes values in the range of [-1 to +1]. For a strong positive correlation between x and y, the value of R will be close to +1 and vice-versa. For the practical purpose, correlation greater than 0.8 is assumed as being strong and less than 0.5 as weak [50] . Step III] based on the 18k+ data over a period of 41 months. The obtained results are shown in Table 1 . As can be seen, the highest correlation of PM2.5 is found with NO, NO 2 and Benzene and low correlation with temperature and humidity. At typical ambient concentrations, NO is not considered to be hazardous while NO 2 can be hazardous [51] . Furthermore, NO 2 is considered as one of the major pollutants by world health organizations and environmental agencies [52, 53] . Hence, NO 2 is considered as one of the predictors for the proposed model and NO is excluded. A strong correlation (>0.8) of CO, NO 2 , SO 2 , and VOC (Benzene, Toluene, Ethyl Benzene, M+P Xylene, O-Xylene) with PM2.5 is observed which is useful in selecting the inputs for the PM2. 
where X is the value of the parameter while X max and X min are the maximum and minimum values of the parameter, respectively. For example, in CO data, X is the smoothed value of CO while X max and X min are maximum and minimum values of smoothed CO data, respectively. As normalization range is [-1:1], Y max is 1 and Y min is -1. The normalized parameters can be converted back into their original form using Eq. (3).
where x n represents normalized data and X is the smoothed data. X max and X min are the maximum and minimum values of smoothed data, respectively. For example, to convert the normalized data of predictand PM2.5 into original form, X max and X min values of targeted PM2.5, shown in Fig. 6 are used.
Prediction model of PM2.5
In the proposed prediction model (see Fig. 7 ), inputs are selected based on the correlation results [ Step IV]. As can be seen from Table 1 , a higher correlation (>0.8) of CO, NO 2 , SO 2 , and VOC (Benzene, Toluene, Ethyl Benzene, M+P Xylene, O-Xylene) with PM2.5 is observed. So, out of 12 parameters 8 parameters; CO, NO 2 , SO 2 , and VOC (Benzene, Toluene, Ethyl Benzene, M+P Xylene, O-Xylene) are selected for developing the PM2.5 prediction model. Additionally, as the number of input parameters is reduced from 12 to 8, the computation cost of the proposed prediction model is reduced. The prediction model of PM2.5 shown in Fig. 7 is based on a feed-forward neural network with a single hidden layer [ Step V]. Selected eight pollutants are the input parameters for each neuron of the hidden layer which consists of eight neurons.
The weights of the hidden layer and output layer can be represented by a matrix of size S × P , where, S is equal to the number of neurons in the layer and P is equal to the number of inputs of the layer. In our case, the matrix size is 8×8, as both the inputs and hidden layer size are 8. The matrix size for the output layer is 1×8 as it consists of one neuron and eight inputs coming from the hidden layer. For the proposed predicted model, weights of the hidden layer and output layer are represented by LW 1 of (of 8×8 size) and LW 2 of size (of 1×8 size) respectively. The element, LW 1 (1) represents the first row of LW 1 matrix, which is formed by the weights of inputs going to the first neuron of the hidden layer. Similarly, LW 2 (1, 1) represents the first row and first column element of matrix LW 2 and so on. Biases of the particular layer can be represented by a matrix of the size S ×1, where S is equal to the number of neurons in the layer. The bias matrices are b 1 and b 2 for hidden layer and output layer, respectively. As the number of neurons in the hidden layer is 8 and output layer is 1, the bias matrices, b 1 is 8×1 and b 2 is 1×1, where b 1 (1, 1) represents the first row and first column element of matrix b 1 .
The training function trainlm based on the Levenberg-Marquardt algorithm is adopted [54, 55] for training. To train the network for the nonlinear relationship between input and output and to constrain output in positive range standard nonlinear transfer function logsig given by Eq. (4) is used in the hidden layer.
where m is the input to the transfer function. In logsig transfer function, the output will be in the range of [0:1] for the entire range of inputs. For nonlinear regression or prediction, purelin is an effective transfer function for the output layer [56] . Hence in the proposed model, purelin is used as a transfer function in the output layer. In purelin, the output will be equal to the input.
The total available data of 18k+ is divided into two sets the first set (SET1) includes 90% of data and the second set (SET2) includes 10% of data [ Step VI]. The division into two sets is done randomly so that all types of data can be included in two sets. The SET1 (90% data) is used for designing the neural network and it is divided in a standard manner widely used by researchers, 70% for training, 15% for validating and 15% for testing. The SET2 (10% data) is kept as unseen data for further testing and comparing the performance of neural networks.
For selecting the best ANN for prediction model, 100 different ANNs are developed and tested as per the pseudo-code in Algorithm 1. This algorithm is repeated 100 times to get the performance of 100 different ANNs for comparing training and testing results with good generalization [Step VII, VIII]. The performance of the ANN is Initialize the weights and biases 5:
Train the network 6:
Validate the network 7:
Test the network 8:
Evaluate training, validation and testing performance 9:
Save the performance results 10:
Save Network and its weights and biases 11:
Test the Network performance for unseen data using SET2 12:
Save the performance results 13: end for evaluated [ Step IX] based on, RMSE and R 2 , where, RMSE is the root mean square of the errors, i.e, the difference between the target value and the predicted value and is given in Eq. (5) .
where A i represents the actual value, P i represents the predicted value and n is the total number of samples. R 2 is the coefficient of determination and it is the square of the correlation R (Eq. (1) ). The closeness between target values and predicted outputs of ANN is represented by R 2 . The value of R 2 equal to 1 represents targets and predicted outputs are very close to each other.
Model Equations
The hidden layer and output layer weights for the proposed model are shown in Eq. (6) and Eq. (7) respectively. The biases of the model for hidden layer and output layer are shown in Eq. (8) and Eq. (9) respectively. Matrix B 1 is formed by repeating the hidden layer bias matrix b 1 , N times, where N is equal to the size of test dataset (1838 in our case). This operation shown in Eq. (10), is performed to make bias matrix size B 1 equal to the size of product term matrix LW 1 *x n , so that addition operation (B 1 + LW 1 *x n ), shown in Eq. (11) can be performed. 
The prediction model for deriving PM2.5 [ Step X] is given by Eq. (11) .
where PM2.5 n is normalized output. The input matrix x n is formed using normalized values of CO, NO 2 , SO 2 , and VOC and the size of x n is P × N where P =8 is the number of inputs and N =1838 is the number of values for each input. Eq. (11) shows the usefulness of the approach to obtain the value of PM2.5 based on CO, NO 2 , SO 2 , and VOC values only. Therefore, low-cost sensors can be deployed with the derived model that offers the opportunity to derive PM2.5 through signal processing algorithms. Eq. (12) shows the conversion to the original value from the normalized one using Eq. (3), in which X max and X min are taken as per Fig. 6 . P M 2.5 = (P M 2.5 n + 1) * (180.052 − 2.228) 2 + 2.228 (12) The proposed approach based on the above analytical equations eliminates the need for proprietary tools. The analytical equation for the prediction can be computed using any low-cost processing tool (e.g. excel sheet etc.). A screenshot of an example [ Step XI] is shown in Fig. 8 . In this example, an input matrix x of size 8×1838 is taken which represents the testing data set. Eq. (11) is computed as follows.
a. First, x n is obtained by computing Eq. (2) b. Multiplying the two matrices of LW 1 (Eq. (6)) and x n , product term LW 1 *x n is obtained. c. Matrix B 1 , formed using Eq. (10) is added in the product term LW 1 *x n . d. Hidden layer activation function (Eq. (4)) is applied to find the output of the hidden layer. e. The output of the hidden layer is multiplied by LW 2 (Eq. (7)). f. Then matrix b 2 from Eq. (9), is added.
Finally, PM2.5 n (marked as A in Fig. 8 ) is obtained by computing Eq. (11), which is the normalized value of PM2.5. PM2.5 in the original unit is obtained by processing Eq. (12) (marked as B in Fig. 8 ). Predicted values of PM2.5 obtained from Eq. (12) (marked as B in Fig. 8 ) are close to the actual values of PM2.5 (marked as C in Fig. 8 ). Interestingly these computations can be ported to a wireless sensor node having basic memory along with computational capability and the algorithms can still perform reliably. The deployment of the developed prediction model needs to consider the following limitations based on the location, available monitoring stations and available monitoring parameters as predictors.
• Air pollution varies from one location to another based on the few parameters like human activity, traffic condition, the structure of urban area and weather conditions. Based on the location, predictors and predictand values as well as their maximum and the minimum limit will change. So, the application of the presented • Application of prediction model to another location requires a large set of authentic data for training which is sometimes difficult due to the limitation on the number of online environment monitoring stations. Due to a few monitoring parameters, and delay in the availability of data; offline stations are less preferable than online stations. • Online stations of CPCB monitors pollutants that are greater than the offline stations. Concentration data for a large set of pollutants is the basic requirement for a correlation study or developing a prediction model. Due to the limitation on the online stations available in the city, data were used from only one online station for training, validation, and testing in the proposed study. This can be expanded in the future by taking data from multiple online stations of different cities. • The derived prediction model based on ANN generally shows poor performance for predicting the sudden large change in predictors. As, sometimes it is difficult to discriminate between the outliers and sudden change in the value, applying a smoothing algorithm to remove outliers will also remove the sudden large change in the value of the predictor. This limitation can be targeted through different data processing algorithm and is left as part of future work
Model Results
In comparison to Support Vector Machine (SVM), the ANN exhibits better performance in terms of RMSE. The RMSE of 2.862 and 2.823 is obtained during training and testing respectively for the SVM model (shown in Table  2 ). While for ANN, the RMSE of 1.5971 and 1.5121 is obtained (shown in Table 3 ) during training and testing for unseen data respectively. Table 3 shows the best performance of the prediction model obtained from 100 iterations. The value of R 2 demonstrates the closeness of the predicted values with the target values or actual values. The actual values of PM2.5 are compared (see Fig. 9 ) with predicted results obtained by Eq. (12) . It is found that the predicted results are in close accordance with actual values, which confirms the effectiveness of the proposed approach. Previously developed prediction models, depend on past data, are often time-consuming and use dedicated instruments. In the prediction model, we have eliminated the above requirements and comparison with some researches is shown in Table 4 . As can be seen, the proposed approach has better RMSE and R 2 compared to existing methods. The RMSE of 1.7973 µg/m 3 and R 2 of 0.9986 is obtained for test dataset of size 1838. We extended the model to accommodate a reduced test dataset of size 10, which shows RMSE of 146.10 µg/m 3 and R 2 of 0.9467. The proposed model in the form of the analytical equation thus helps in predicting PM2.5 using low-cost processing tools or existing WSN.
The proposed prediction model is recalibrated in terms of the number of predictors, weights, and biases to show the effectiveness of the proposed approach. Instead of eight predictors, three predictors, CO, NO 2 , and Benzene (VOC component) are taken considering the availability of low-cost sensors [57] which includes this type of multiple sensing parameters. The proposed approach can work for any other three sensing parameters after recalibrating model. In recalibration, CPCB smoothed data for CO, NO 2 , and Benzene (VOC component) are used as it is considered as golden standard data. For recalibration ANN shown in Fig. 7 is used with the same training and testing dataset (of three parameters), but the size of the input layer and the hidden layer is reduced to three. Extracted weights and biases are represented in Eq. (13) to Eq. (16) . Performance results are shown in Table 5 . Results show, during testing RMSE is 7.5372 µg/m 3 and R 2 is 0.9708. In this work, we have studied the correlation of PM2.5 with other pollutants and correlation among the pollutants, based on the standardized CPCB data. The prediction model of PM2.5 is based on the correlation and shown to be useful for online as well as offline measurements. The proposed model is in the form of analytical equations that enables the use of any low-cost processing tool and eliminates the need for a proprietary tool for predicting PM2.5 values. Results obtained using this method with eight predictors ( NO 2 , SO 2 , and VOC (Benzene, Toluene, Ethyl Benzene, M+P Xylene, O-Xylene)) shows RMSE of 1.7973µg/m 3 and R 2 0.9986 for the test dataset. To show the effectiveness of the proposed approach, the derived prediction model was recalibrated with three predictors (CO, NO 2 , and Benzene (VOC component) due to the possibility of sensing all three parameters by one or two low-cost sensors. The proposed approach can work for any other three sensing parameters too after recalibration. Testing results show RMSE of 7.5372 µg/m 3 and R 2 of 0.9708. The obtained results prove the effectiveness of the proposed approach.
The obtained results can be improved in the future by recalibrating prediction model based on the data available from multiple stations located at the place of deployment. In comparison to existing methods, the proposed approach facilitates an efficient method that reduces overall computation cost. Furthermore, this model can be implemented on the wireless sensor node for automated measurement of PM2.5.
